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ARTICLE
Mendelian randomisation analysis of the effect of
educational attainment and cognitive ability on
smoking behaviour
Eleanor Sanderson 1,2, George Davey Smith 1,2, Jack Bowden1,2 & Marcus R. Munafò 1,3
Recent analyses have shown educational attainment to be associated with a number of health
outcomes. This association may, in part, be due to an effect of educational attainment on
smoking behaviour. In this study, we apply a multivariable Mendelian randomisation design to
determine whether the effect of educational attainment on smoking behaviour is due to
educational attainment or general cognitive ability. We use individual data from the UK
Biobank study (N= 120,050) and summary data from large GWA studies of educational
attainment, cognitive ability and smoking behaviour. Our results show that more years of
education are associated with a reduced likelihood of smoking that is not due to an effect of
general cognitive ability on smoking behaviour. Given the considerable physical harms
associated with smoking, the effect of educational attainment on smoking is likely to con-
tribute to the health inequalities associated with differences in educational attainment.
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Smoking remains the largest single, modiﬁable contributor tomorbidity and premature mortality in high-income coun-tries such as the United Kingdom1. However, while smok-
ing prevalence has declined steadily since the 1950s, this overall
decline masks considerable differences across society. Speciﬁcally,
while smoking prevalence has declined substantially in higher
socioeconomic groups, the decline has been considerably less in
lower socioeconomic groups, so that smoking is now strongly
socially patterned and an important determinant of health
inequalities.
Recent analyses have suggested that educational attainment is
an important determinant of health outcomes such as coronary
heart disease (CHD). Using genetic variants associated with
educational attainment in Mendelian randomisation (MR) ana-
lyses2, Tillmann et al. provided evidence that lower educational
attainment is causally related to increased risk of CHD3. Using
similar methods, Gage et al. showed similar effects with respect to
a range of smoking behaviours, with lower educational attain-
ment related to increased risk of smoking initiation and, if a
smoker, increased heaviness of smoking and reduced likelihood
of smoking cessation4. Carter et al. show that smoking mediates
the observed effect of education on cardiovascular disease5. It is
therefore plausible that some of the effect of educational attain-
ment on risk of CHD (and other adverse health outcomes) is
mediated via effects on smoking behaviour.
However, one limitation of analyses of educational attainment
is that they do not allow us to distinguish between the effects of
education per se, versus the effects of general cognitive
ability (which is strongly associated with higher educational
attainment)6–8. This distinction has important implications when
understanding the potential role of education in reducing health
inequalities—if apparent protective effects of educational attain-
ment are in fact due to general cognitive ability, then increasing
years in education will not necessarily improve health outcomes
or reduce health inequalities. In other words, elucidating the
independent effects of educational attainment versus general
cognitive ability is critical to understanding the nature of health
inequalities associated with educational status.
In this study we used genetic variants associated with educa-
tional attainment, together with genetic variants associated with
general cognitive ability, in a multivariable MR framework using
individual-level data to determine the unique effects of each on
smoking behaviour. This method, described by Sanderson et al.9
allows multiple genetic instruments, capturing distinct exposures,
to be investigated simultaneously (even when these exposures are
highly correlated, as in the case of educational attainment and
general cognitive ability). We show that the effect of educational
attainment we observed in our univariable MR study is also
observed in our multivariable MR analysis. However, the effect of
cognitive ability on smoking behaviour observed in our univari-
able MR analysis attenuates when educational attainment is also
included in the multivariable MR analysis. From this we conclude
that the effect of educational attainment on smoking behaviour is
not due to an effect of general cognitive ability on smoking
behaviour and the effect of general cognitive ability on smoking
observed in the univariable MR analysis is acting via the effect of
educational attainment on smoking behaviour.
Results
Observational analysis. Observational analyses, controlling for
the full set of controls using ordinary least squares (OLS)
regression, indicated a small negative association between edu-
cational attainment, general cognitive ability and current smok-
ing. These results also indicated a negative association between
education and smoking initiation, and a positive association
between general cognitive ability and smoking initiation. Educa-
tional attainment and general cognitive ability were both posi-
tively associated with smoking cessation. These results are shown
in Tables 1–3.
Individual-level analysis. In all of these analyses we used one
instrument in each of the univariable MR analyses and two
instruments in the multivariable MR analysis. These instruments
are risk scores for each exposure created using SNPs that have
been shown to be associated with the exposure. The F-statistics,
given in Tables 1–3, show that the genetic instruments used
strongly predict education and general cognitive ability. In all of
our multivariable MR estimations the conditional F-statistic is
larger than the conventional value of 10 used to indicate a strong
instrument, and so the instruments used are strong enough to
uniquely predict both of the exposure variables in the multi-
variable MR analyses.
The unconditional univariable MR results indicate a negative
effect of education on current smoking with each year of
education leading to a 2.6% decrease in the probability of being a
smoker. One standard deviation in age completed education is 2.4
years; therefore, this corresponds to a standard deviation increase
Table 1 The effect of education and general cognitive ability on current smoking
OLS Single-variable MR Single-variable MR Multivariable MR
Age completed education
Effect −0.007 −0.027 −0.041
SE 0.0004 0.005 0.012
95% CI −0.008, −0.007 −0.037, −0.017 −0.064, −0.018
P value <0.001 <0.001 0.001
F — 556.17 483.19
Conditional F — — 85.89
Cognitive ability score
Effect −0.008 −0.026 0.047
SE 0.001 0.009 0.027
95% CI −0.010, −0.007 −0.044, −0.008 −0.005, 0.100
P value <0.001 0.005 0.076
F — 887.78 544.24
Conditional F — — 86.78
Estimates of the effect of education and general cognitive ability on current smoking from OLS, multivariable MR and single-variable MR regressions from analysis of individual-level data. Estimates given
are risk difference effect estimates. All regressions also include a full set of adjustments: age, sex, year of birth and gender interacted with year of birth. Mendelian randomisation regressions are also
adjusted for 40 genetic principal components. Non-European and related individuals have been excluded from the analysis. Total sample size 120,050
OLS ordinary least squares, MR Mendelian randomisation
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in education leading to a 6.2% decrease in the probability of being
a smoker. Similar results are seen for the direct, conditional, effect
estimated by multivariable MR with each additional year of
education leading to a 4.1% decrease in the probability of being a
current smoker, corresponding to an increase in education of one
standard deviation leading to a 9.8% decrease in the probability of
being a current smoker.
The unconditional effect of general cognitive ability estimates
a negative effect of increased general cognitive ability on
current smoking with a standard deviation increase in general
cognitive ability leading to a decrease in current smoking of
2.6%. The estimates for multivariable MR differed substantially
from the single variable MR result; there was a high level of
uncertainty around the estimated effect with a 95% conﬁdence
interval of a 0.5% decrease to a 10.2% increase and no evidence
of an effect of general cognitive ability on smoking behaviour.
One explanation for the difference observed between the
univariable and multivariable MR estimates for the effect of
general cognitive ability on smoking is that general cognitive
ability affects smoking through its effect on educational
attainment, rather than through a direct effect on smoking,
i.e. the relationship illustrated in Fig. 1.
The results for smoking initiation showed a similar pattern to
the results for being a current smoker. The univariable MR results
showed that increases in both education and general cognitive
ability lead to decreases in the probability of ever having been a
smoker. However, the multivariable MR results show a negative
direct effect of education on smoking and a positive direct effect
of general cognitive ability on smoking. An increase in education
of 1 year causes a 9.1% decrease in the probability of having ever
smoked; this is equivalent to a 21.8% decrease in the probability
EA
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Fig. 1 Relationship between education, cognitive ability and smoking
suggested by the results obtained. DAG for the relationship between
educational attainment, general cognitive ability and smoking suggested by
the results obtained. DAG directed acyclic graph
Table 3 The effect of education and general cognitive ability on smoking cessation
OLS Single-variable MR Single-variable MR Multivariable MR
Age completed education
Effect 0.009 0.038 0.053
SE 0.0007 0.010 0.022
95% CI 0.008, 0.011 0.018, 0.058 0.010, 0.096
P value <0.001 <0.001 0.016
F — 251.95 204.83
Conditional F — 50.11
Cognitive ability score
Effect 0.019 0.036 −0.051
SE 0.002 0.019 0.048
95% CI 0.015, 0.022 −0.002, 0.073 −0.144, 0.043
P value <0.001 0.061 0.287
F — 415.75 251.80
Conditional F — 51.11
Estimates of the effect of education and general cognitive ability on current smoking from OLS, multivariable MR and single-variable MR regressions from analysis of individual-level data. Estimates given
are risk difference effect estimates. All regressions also include a full set of adjustments: age, sex, year of birth and gender interacted with year of birth. Mendelian randomisation regressions are also
adjusted for 40 genetic principal components. Non-European and related individuals have been excluded from the analysis. Total sample size 52,605
OLS ordinary least squares, MR Mendelian randomisation
Table 2 The effect of education and general cognitive ability on smoking initiation
OLS Singlevariable MR Single-variable MR Multivariable MR
Age completed education
Effect −0.017 −0.056 −0.093
SE 0.0005 0.090 0.022
95% CI −0.019, −0.016 −0.074, −0.038 −0.137, −0.050
P value <0.001 <0.001 <0.001
F — 556.17 483.19
Conditional F — 85.84
Cognitive ability score
Effect 0.001 −0.041 0.126
SE 0.002 0.017 0.050
95% CI −0.003, 0.003 −0.075, −0.007 0.028, 0.225
P value 0.914 0.017 0.012
F — 887.7 544.24
Conditional F — 86.78
Estimates of the effect of education and general cognitive ability on current smoking from OLS, multivariable MR and single-variable MR regressions from analysis of individual-level data. Estimates given
are risk difference effect estimates. All regressions also include a full set of adjustments: age, sex, year of birth and gender interacted with year of birth. Mendelian randomisation regressions are also
adjusted for 40 genetic principal components. Non-European and related individuals have been excluded from the analysis. Total sample size 120,050
OLS ordinary least squares, MR Mendelian randomisation
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of ever smoking for a standard deviation increase in years of
education. An increase in general cognitive ability of one standard
deviation causes a 12.5% increase in the probability of ever having
smoked. There is however still a large level of uncertainty around
this result with a 95% conﬁdence interval of a 2.5% increase to a
22.5% increase.
The results for being a former smoker showed that higher
education leads to a higher probability of having quit smoking,
but did not indicate a direct effect of general cognitive ability on
quitting smoking. These results reﬂect the pattern seen in the
results for currently or ever smoking showing that increased
education makes individuals more likely to quit smoking once
they have started as well as being less likely to start smoking in
the ﬁrst place.
As a sensitivity analysis we repeated the UK Biobank analyses
with self-reported age at which individual completed education.
Individuals who had not completed a degree were also asked to
report the age at which they left school. The distribution of the
age individuals left school for each educational qualiﬁcation is
given in Supplementary Table 1. As some individuals only
completed the cognition test via an online test we additionally
repeated the analysis using only the cognitive ability scores
completed at the clinic. Results from these analyses are given in
Supplementary Tables 2–3. Neither of these analyses give results
that are substantially different from those presented here.
UK Biobank has been shown to be unrepresentative of the UK
population with individuals in UK Biobank reporting higher
socioeconomic status and lower rates of smoking than the general
population10. If participation in the study is inﬂuenced by
educational attainment, cognitive ability or smoking, this may
cause selection bias in our estimation results11,12. The level of this
bias is unknown and limited methods are currently available to
correct for selection bias of this type. Following Hughes et al.11,
we re-estimate our results with an education weighting based on
the proportion of individuals in the population of the same age
range as the UK Biobank sample who report leaving school before
age 16 or who have obtained a degree in the 2011 UK census.
These results are given in Supplementary Table 4 and show that
our estimation results are not substantially inﬂuenced by the
weighting.
Summary-level analyses. Each additional year of education in the
univariable MR analysis was associated with a 35% decrease in the
probability of starting smoking. Once the effect of cognitive
ability had been controlled for in the multivariable MR analysis,
each additional year of educational attainment was associated
with a 40% decrease in the probability of smoking. However,
there is limited evidence from these results that cognitive ability is
associated with a change in the rate of smoking initiation. These
results are given in Table 4.
The summary data analysis showed that each additional year of
education makes individuals who have taken up smoking twice as
likely to have quit in the univariable MR analysis and 2.6 times as
likely to quit smoking in the multivariable MR analysis once the
effect of cognitive ability has been controlled for. There was also
evidence that higher cognitive ability is associated with being
more likely to quit smoking. However, this association disappears
when educational attainment is controlled for in the multivariable
MR analysis. These results are given in Table 4.
These results support the ﬁndings from the individual-level
analysis and the conclusion that there is a direct effect of
educational attainment on smoking behaviour and limited direct
effect of cognitive ability on smoking behaviour. The size of the
estimated effects in the individual level and summary data
analysis are not directly comparable as the individual-level
analysis estimates the effect of education and cognitive function
on smoking at a particular point in time whereas the summary
data analysis will represent an estimate of the lifetime effect on
smoking behaviour.
Horizontal pleiotropy, where the SNPs used in our MR study
have an effect on smoking which is not through their effect on
educational attainment or cognitive ability introduces bias into
MR estimation results13. High levels of heterogeneity in the
estimated effects from each SNP are an indication of potential
pleiotropic effects of some of the SNPs associated with
educational attainment or general cognitive ability used in the
analysis on smoking behaviour. To test for potential pleiotropy
we estimate modiﬁed Cochran Q statistic9,14 for each of our
summary data multivariable MR models, reported in Supple-
mentary Table 5. Supplementary Fig. 1 shows the individual SNP
Q statistics which give the contribution of each SNP to the overall
Q statistic. We re-estimate our summary data MR analysis
excluding any SNPs with individual Q statistics with a P value less
than 0.05 to exclude SNPs with a potentially pleiotropic effect.
This results in 32 SNPs being removed from the analysis of
smoking initiation and 17 SNPs being removed from the analysis
of smoking cessation. The results from this re-estimation are
given in Supplementary Table 6; they show that removing these
results makes no substantive difference to our results.
Under a set of assumptions (known as the InSIDE assump-
tions) MR Egger can detect directional pleiotropy and give causal
effect estimates that are robust to such pleiotropy14. This method
has been extended to two-sample summary data multivariable
MR analysis15 and therefore we estimate MR Egger for both our
univariable and multivariable summary data MR estimates. These
results are given in Supplementary Table 7. The estimate of the
Table 4 Estimates of the effect of educational attainment and general cognitive ability; Odds ratio estimates from summary-level
data analysis
Smoking initiation
Single-variable MR
Multivariable MR Smoking cessation
Single-variable MR
Multivariable MR
Age completed education
Effect 0.658 0.603 1.952 2.613
95% CI 0.568, 0.762 0.466, 0.780 1.625, 2.343 1.910, 3.586
P value <0.001 <0.001 <0.001 <0.001
Cognitive ability
Effect 0.912 1.111 1.318 0.687
95% CI 0.789, 1.054 0.858, 1.483 1.071, 1.620 0.501, 1.061
P value 0.215 0.423 0.009 0.020
Estimates of the effect of educational attainment and general cognitive ability on smoking initiation and cessation from two-sample summary data Mendelian randomisation. Summary data statistics
obtained from publicly available results from GWAS studies on educational attainment, cognitive ability41 and smoking behaviour42
MR Mendelian randomisation, GWAS genome-wide association studies
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constant in an MR Egger regression is a measure of the level of
directional pleiotropy in the analysis. In all of the analyses the
constant is estimated to be close to zero, with narrow 95%
conﬁdence intervals around zero. These results, combined with
those from our analysis of the Q statistic, suggest that the
estimation results are not substantially affected by horizontal
pleiotropy through the SNPs affecting the outcome via an effect
other than their effect on educational attainment and general
cognitive ability.
Discussion
The univariable MR estimates give the total effect of a change in
education and general cognitive ability on three smoking phe-
notypes including any effect of general cognitive ability on edu-
cation and vice versa. Our multivariable MR results allow us to
estimate the direct effects of each of education and general cog-
nitive ability on smoking behaviour conditional on general cog-
nitive ability and education respectively. Overall, our results
suggest that more years of education leads to a reduced likelihood
of smoking and, among those who do smoke, a greater likelihood
of cessation. Given the considerable physical harms associated
with smoking, this is likely to account for a substantial proportion
of health inequalities associated with differences in educational
attainment. The similarity between the unconditional and con-
ditional effects of educational attainment on all aspects of
smoking behaviour considered suggests that education has an
effect on smoking behaviour. However, the large difference
between the univariable and multivariable MR estimates for the
effect of general cognitive ability on smoking suggests that a large
part of the total effect of general cognitive ability on smoking
behaviour observed in the conventional MR analysis is due to
general cognitive ability affecting smoking through an effect on
educational attainment rather than a direct effect of general
cognitive ability on smoking behaviour. These results are con-
sistent with recent ﬁndings reported by Davies et al., who used the
natural experiment of an increase in school-leaving age to show
that remaining in school causally reduces the risk of adverse
health outcomes, including likelihood of smoking16 and with
observational studies which have shown an attenuation in the
effect of cognitive ability on the likelihood of smoking once
educational attainment is controlled for17,18.
Estimating effects in this way, using MR methods, does not
necessarily clarify the mechanistic pathways that link exposures
and outcomes. Our results highlight an important, unintended,
public health beneﬁt of education and support a causal pathway
from educational attainment to smoking behaviour that appears
to be independent of general cognitive ability. These results
suggest that the observed association between education and
smoking behaviour is not due to a direct effect of general cog-
nitive ability on smoking behaviour. However, these results do
not identify the speciﬁc mechanism or aspect of the current
educational system by which the effect of education on smoking
occurs and the pathway is likely to be complex, meaning further
work is required to understand the particular mechanisms
underlying this ﬁnding. More years in education might inﬂuence
smoking via greater awareness of the harms of smoking, increased
self-efﬁcacy, exposure to social groups where smoking is less
common, and so on. While years in education might be con-
sidered a target for intervention, there is only limited scope to
extend this. Identifying other links in the pathway may also reveal
other putative intervention targets that are potentially more
tractable, providing an additional public health beneﬁt. This
should be the subject of future research, and in part will depend
on the identiﬁcation of genetic variants associated with, for
example, self-efﬁcacy beliefs if MR methods are to be applied.
There are a number of important limitations to this study that
should be considered when interpreting these results. First,
Mendelian randomisation is not without limitations and, criti-
cally, relies on key assumptions, in particular regarding the
validity of the genetic variants used as instruments. We have
shown that the genetic variants we used are strongly associated
with both education and general cognitive ability. We also
assessed the robustness of our analyses to potential pleiotropy
through sensitivity analysis using methods that rely on different
assumptions (e.g., MR Egger and outlier removal)19, and these
produced similar results. Second, we cannot rule out the possi-
bility of dynastic effects—offspring will share on average 50% of
the variegated genotype of their parents. Parental genotype will
affect parental education levels, which will therefore be correlated
with offspring genotype. Parental genotype has previously been
shown to be correlated with offspring educational attainment20. If
parental education has an effect on offspring smoking that does
not operate through offspring education, this would represent
potential violation of assumption IV2, and the effects we observed
may in fact be due to effects of parental education on the off-
spring environment that have an impact on smoking behaviour.
This relationship is illustrated in Fig. 2. While we cannot rule out
this possibility, our sensitivity analyses do not show evidence of a
violation of assumption IV2. Crucially, other studies which have
estimated the effect of educational attainment on smoking
behaviour using alternative methods such as structural model-
ling21, sibling analyses22, or alternative IV strategies (using a
natural experiment)16 have found similar effects of education on
smoking behaviour to those we observe. The different design of
each of these studies means that they are subject to different
potential sources of bias; particularly neither the study using
sibling analysis nor the natural experiment IV study, which took
advantage of a policy change in the compulsory school-leaving
age, are subject to potential bias from dynastic effects. Our results
add to this body of evidence; while each study has limitations,
comparing the set of results within a triangulation framework23
strengthens our ability to draw the conclusion that increasing
education leads to a decrease in smoking. The potential for
dynastic effects and parental nurturing to bias our results could
be avoided by repeating our analysis using within family designs
such as variations within sets of siblings who will be subject to the
same dynastic effects. Such a study would be subject to a different
set of assumptions and potential biases to those in our study and
the studies described above and would contribute further to the
body of evidence. UK Biobank contains a number of sibling pairs;
however, as the study was not recruited as a family design the
total number is small. Speciﬁcally, there are 11,448 individuals
from 5613 families with at least one sibling in UK Biobank who
pass all other data restrictions for our analysis. Although we
would ideally repeat our analysis using a family design in this
Ep
SOEOGO
Gp
Fig. 2 Potential for bias due to dynastic effects. DAG showing how dynastic
effects can introduce bias into an MR model. Gp is parental genotype, Ep
parental educational attainment, GO is offspring genotype, EO offspring
educational attainment and SO offspring smoking. The dashed line
represents the relationship required for dynastic effects to introduce bias in
an MR study. DAG directed acyclic graph
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sample to obtain estimated effects free from any potential
dynastic effects, this sample is not large enough to obtain a result.
This is shown by the power calculations given in Supplementary
Table 8 that show that with a sample size of 11,448 individuals
from 5724 sibling pairs the power to detect an effect of educa-
tional attainment on smoking behaviour similar in magnitude to
those we observe in our main analysis with this sample is low.
Therefore, this analysis remains an area for future research.
Third, the UK Biobank is highly unrepresentative of the general
UK population, and this selection bias may introduce biases from
which MR methods are not immune24. For example, if educa-
tional attainment and smoking behaviour are both associated
with participation in UK Biobank, then restricting our analyses to
this sample may introduce collider bias, and bias associations
between these variables (or even introduce spurious associations
between them). However, if individuals are more likely to parti-
cipate if they are more educated and are less likely to participate if
they smoke, as has been observed10, this will decrease the asso-
ciation between education and smoking observed. Alternatively, if
participation is only determined by education then, if the asso-
ciation between education and smoking is the same in the whole
population as in the sample, this selection will have no effect on
the results obtained. Our sensitivity analyses attempt to correct
for the selection on education by reweighting the analysis; how-
ever, it will be important to replicate these ﬁndings in other
samples that are either more representative of the general
population or are subject to different selection biases. Fourth, the
interpretation of multivariable MR results is nuanced and
potentially complex. Speciﬁcally, the estimate for educational
attainment is adjusted for general cognitive ability and vice versa.
This means that the estimated effect of education is the effect
given a constant level of general cognitive ability, and the effect
for general cognitive ability is the effect given a constant level of
education. While the interpretation of our educational attainment
results is relatively straightforward, the interpretation of our
conditional general cognitive ability results (which imply
increased likelihood of smoking with increasing general cognitive
ability) is not in line with what we might expect. As general
cognitive ability affects education what this (weak) effect may
reﬂect is the fact that individuals with high levels of general
cognitive ability who do not achieve the educational attainment
that might be expected are likely to have done so for speciﬁc
reasons that are themselves likely to inﬂuence smoking. This
result indicates that the beneﬁcial effect of general cognitive
ability on smoking behaviour observed in the conventional MR
analysis is acting via the effect of general cognitive ability on
education, and the consequent effect of education on smoking
behaviour. This suggests that an increase in general cognitive
ability that was not associated with a corresponding increase in
educational attainment would have a limited effect on smoking
behaviour.
In summary, our results indicate that the observed association
between educational attainment and smoking is unlikely to be
due to effects of general cognitive ability on educational attain-
ment and smoking behaviour. This suggests that a part of the
health inequalities associated with differences in educational
outcomes may be due to smoking, and that education represents a
potential target for intervention to reduce health inequalities.
Future research may identify other putative targets on the causal
pathway from educational attainment and smoking behaviour
and should also explore whether there are similar relationships to
other health behaviours such as alcohol consumption and diet.
Methods
Individual-level data from UK Biobank. For our individual-level analysis we used
data from UK Biobank. This is a population-based health research resource
consisting of approximately 500,000 people, aged between 38 years and 73 years,
who were recruited between the years 2006 and 2010 from across the UK25. Par-
ticipants provided a range of information (such as demographics, health status,
lifestyle measures, cognitive testing, personality self-report, and physical and
mental health measures) via questionnaires and interviews. A full description of the
study design, participants and quality control (QC) methods is given by Collins26.
Informed consent was obtained from study participants by UK Biobank. UK
Biobank received ethics approval from the Research Ethics Committee (REC
reference for UK Biobank is 11/NW/0382).
Individuals with sex-mismatch (derived by comparing genetic sex and reported
sex) or individuals with sex chromosome aneuploidy were excluded from the
analysis (n= 848). We restricted the sample to individuals of European ancestry
who have very similar ancestral backgrounds according to the PCA (n= 423,166),
as described by Bycroft27. Estimated kinship coefﬁcients using the KING toolset28
identiﬁed 107,162 pairs of related individuals in the data set27. In order to mitigate
this feature in the data a standard algorithm was then applied to preferentially
remove the most highly related individuals in our sample (71,133). Full details are
given elsewhere29.
The SNPs that we used to create our instrument for general cognitive ability
were discovered using the interim release of UK Biobank, and so we additionally
excluded all individuals who were included in the interim release (94,985). This
gives a resulting potential sample size of 257,048 individuals. Of these individuals
we only included those with observations for all of the exposures and outcomes
included in the analysis. A total of 127,606 of the individuals eligible to be included
in our sample completed the general cognitive ability questions. However, 7564 of
these individuals had missing data for one of the other exposures or controls
included in the analysis, giving a ﬁnal sample size of 120,050 individuals.
Individuals in UK Biobank were asked to report their highest educational
qualiﬁcation. For each of the levels of education a corresponding age at which the
individual would have completed their education has been assigned. These are
described in Table 5.
General cognitive ability was deﬁned as the results from a ‘verbal-numeric
reasoning’ test, labelled ﬂuid-intelligence in UK Biobank, measured as the number
of correct answers recorded in a series of 13 questions designed to capture verbal
and arithmetical ability30. This test has been shown to correlate highly with
alternative measures of cognitive ability31,32. The test was completed by
participants during a questionnaire as part of their initial clinic visit or through an
online questionnaire completed after the visit. The score is the number of questions
correctly completed by the individuals in the time allowed and ranges between 0
and 13 with a mean of 6.0 and a standard deviation of 2.1. For the analyses
reported here, the score has been standardised to have a mean of 0 and a standard
deviation of 1.
All participants were asked if they currently smoked and if they had ever
smoked. From this information we constructed three variables: (1) a binary variable
for current smokers/current non-smokers; (2) a binary smoking initiation variable
for ever/never smokers; and (3) among individuals who have ever smoked, a
smoking cessation variable for former vs. current smokers. The total sample size is
120,050 of which 9252 (7.7%) are current smokers and 52,605 (43.8%) are ever
smokers. Of the ever smokers 43,353 (82.4%) are former smokers.
A recent GWAS of educational attainment by Okbay et al. identiﬁed 74 SNPs at
genome-wide signiﬁcance that associated with years of education completed33. A
polygenic risk score for education was created for each of the individuals in our
sample using the genome-wide signiﬁcant SNPs from this GWAS. Each
individual’s risk score was calculated as the weighted total number of education
increasing alleles they had for these SNPs, weighted by the size of the effect of the
SNP in the original GWAS. Three of the SNPs from this GWAS were not available
in the UK Biobank data and were substituted; all of the substitutes used were in
perfect LD with the original SNP.
For general cognitive ability we created a polygenic risk score for each
individual using the results from a recent GWAS of general cognitive ability by
Sniekers et al., which identiﬁed 18 SNPs at genome-wide signiﬁcance34. Again, the
Table 5 Highest educational qualiﬁcations
Highest educational
qualiﬁcation
Age completed
education
% of main sample
None 15 12.1
CSE/O level/GCSE 16 26.8
NVQ/HND/HNC 18 6.0
A level 18 12.4
Other professional
qualiﬁcationa
20 5.1
College or
University degree
21 37.5
CSE/O level/GCSE: Academic qualiﬁcation at 16+; NVQ/HND/HNC: Vocational qualiﬁcation; A
level: Academic qualiﬁcation at 18+
aFor example, nursing/teaching etc.
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risk score was calculated as the weighted number of general cognitive ability
increasing alleles each individual had for these SNPs, weighted by the effect of the
SNP in the GWAS.
Each polygenic risk score was created using the association observed between
each SNPs and the exposure in a sample that did not include our main analysis
sample. This means that these SNPs can be used as potentially valid instruments
for our analysis in UK Biobank (with the interim release excluded). The
importance of using SNPs discovered in samples that do not include the analysis
sample is discussed elsewhere35,36.
Individual-level statistical analysis. We use Mendelian randomisation (MR)
analyses to estimate the effect of educational attainment and general cognitive
ability on smoking behaviour2,37. MR utilises the random allocation of genetic
variants at conception to understand the causal effect of a phenotype on an out-
come. This random allocation of genetic variants means that they will be unrelated
to other traits such as lifestyle and socioeconomic position that bias the observa-
tional association between educational attainment, general cognitive ability and
smoking behaviour and so are potentially valid instruments in an instrumental
variable analysis2,37. For the genetic variants to be valid instruments, they must
satisfy three instrumental variable assumptions; they must be
IV1—associated with at least one of the exposures;
IV2—independent of any factors confounding the relationship between the
exposures and the outcome;
IV3—independent of the outcome given the exposures and the confounders.
We conducted univariable MR analysis of individual-level data for each of the
exposures on each of our three outcomes using the SNP score for education as the
instrument for educational attainment and the SNP score for general cognitive
ability as the instrument for general cognitive ability. These results give the
unconditional effect of each of education and general cognitive ability on smoking,
i.e. the total effect of education and general cognitive ability on each of the smoking
phenotypes, including any effect of education on general cognitive ability and any
effect of general cognitive ability on education. These effects are illustrated in Fig. 3.
If general cognitive ability mediates the relationship between educational
attainment and smoking behaviour αE≠0 and the total effect of education on
smoking is given by β1 þ αEβ2 (Fig. 3a). However, if educational attainment
mediates the relationship between general cognitive ability and smoking behaviour
αCA≠0 and the total effect of general cognitive ability on smoking is given by
β2 þ αCAβ1 (Fig. 3b). These results are susceptible to horizontal pleiotropy, where
the genetic instruments are associated with a confounder of the relationship
between the exposure and outcome and so have an effect on the outcome that
doesn’t operate through the exposure, a violation of the assumption IV2, as any
direct effect of the education score on general cognitive ability or the general
cognitive ability score on educational attainment will affect the results obtained
from this analysis.
We conducted multivariable MR analysis to estimate the direct effects of
education and general cognitive ability on our three smoking phenotypes.
Multivariable MR estimates the effect of educational attainment on smoking
conditional on general cognitive ability and the effect of general cognitive ability on
smoking conditional on educational attainment. Multivariable MR includes both
education and general cognitive ability as exposure variables in an MR regression
with both of these exposures being predicted by a set of SNPs. This analysis
controls for any correlation between education and general cognitive ability, and
for any pleiotropic effect on smoking of the education SNPs through an effect of
those SNPs on general cognitive ability and the general cognitive ability SNPs
through an effect of those SNPs on education. Figure 3 illustrates the model being
estimated by our MR analyses; it is not necessary to specify for this analysis
whether Fig. 3a or Fig. 3b represents the true model. The effects estimated are β1,
the direct effect of education on smoking, and β2 the direct effect of general
cognitive ability on smoking.
Multivariable MR is conducted by regressing each of the exposure variables,
education and general cognitive ability, on all of the genetic instruments and all of
the control variables to generate predicted values for each exposure that are not
correlated with any potential confounders. The outcome of interest, smoking, is
then regressed on these new predicted exposure variables and the control variables
in a multivariable regression to obtain consistent estimates of the direct effect of
each of education and general cognitive ability on smoking behaviour. As the
instruments are not associated with any potential confounders, this method
controls for potential confounding of the relationship between the exposures,
educational attainment and cognitive ability, and the outcome, smoking in the
same way as in univariable MR. Multivariable MR is explained in more detail
elsewhere9. Multivariable MR uses values of educational attainment and general
cognitive ability predicted from a set of SNPs which have been found to be
associated with educational attainment or general cognitive ability in an
independent sample. The inclusion of both exposures in the estimation does not
introduce collider bias as the estimation is based on values of education and general
cognitive ability predicted from SNPs that cannot depend on smoking behaviour,
this is explained in more detail elsewhere9.
Throughout the analysis we adjusted for age, sex, year of birth, and a year of
birth × sex interaction term, in order to adjust for any changes in patterns of
smoking behaviour over time. We also controlled for the top ten genetic principal
components to account for any residual population stratiﬁcation.
To test the strength of the association of the instruments with the exposures, we
calculate the Sanderson−Windmeijer conditional F-statistic. This tests the ability
of the SNPs to uniquely predict both education and cognitive ability. This is
important because the results obtained from the multivariable MR analysis will be
subject to weak instrument bias if either of education or cognitive ability are weakly
predicted by the instruments. A value greater than 10 suggests that the instruments
do predict the exposure well and the estimation result is not likely to be subject to
weak instrument bias9,38.
Summary-level analysis. We additionally conducted univariable and multi-
variable two-sample summary data MR analysis of educational attainment and
general cognitive ability on smoking initiation and cessation using summary data
from genome-wide association studies (GWAS) of each of educational attainment,
general cognitive ability and smoking behaviour9,39,40. Ethical approval for each
GWAS was obtained by the individual studies. Our current work only used publicly
available summary data that does not include individual level data on any parti-
cipants and so no further ethical approvals are necessary.
SNPs for educational attainment were taken from a large GWAS meta-analysis
of 1.1 million individuals41. We included all SNPs that were genome-wide
signiﬁcant (p < 5 × 10−8) from this GWAS and pruned the results to exclude all
SNPs with a pairwise R2 greater than 0.001. This gave 293 independent SNPs
associated with educational attainment. For cognitive ability we used all SNPs
which were genome-wide signiﬁcant in a GWAS of cognitive ability, estimated in a
subset of the studies used in the educational attainment GWAS. These SNPs were
also pruned to exclude SNPs with a pairwise R2 greater than 0.001 giving 100
independent SNPs. The effects of each SNP on smoking initiation and cessation
were taken from a GWAS meta-analysis of 74,053 individuals’ smoking
behaviour42. There was limited overlap, of a maximum of 3438 individuals from
two studies, between the GWAS for educational attainment and smoking
behaviour. This overlap represents 0.3% of the individuals in the educational
attainment GWAS and 4.6% of the individuals in the smoking GWAS. There was
no overlap between the GWAS used for cognitive ability and for smoking. For the
univariable analysis, we calculate the IVW estimate individually for each of
educational attainment and general cognitive ability on smoking initiation and
cessation.
For the multivariable MR analysis, we included all SNPs which were genome-
wide signiﬁcant in either the GWAS of education attainment or cognitive ability.
This combined list was again pruned to exclude any SNPs with a pairwise R2
greater than 0.001 leaving 327 independent SNPs for the analysis. For the summary
data multivariable MR analysis the IVW framework can be extended by estimating
the regression;
Γ^j ¼ β1π^1;j þ β2π^2;j þ vj:
Using summary data estimates of the association between each SNP j (out of L
where L is the total number of SNPs included in the analysis) and smoking
behaviour, Γ^j ; educational attainment, π^1j ; and cognitive ability, π^2j
9,39. vj is a
random regression error term. All summary data MR analyses were conducted
using MR base43.
SNPs
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GCA
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GCA
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Smoking
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2
Fig. 3 Potential relationships between education, cognitive ability and
smoking. Potential DAGs for the relationship between educational
attainment, general cognitive ability and smoking behaviour. a General
cognitive ability is a mediator of some of the relationship between
educational attainment and smoking. b Educational attainment is a
mediator of some of the relationship between general cognitive ability and
smoking. DAG directed acyclic graph
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Reporting summary. Further information on research design is available in
the Nature Research Reporting Summary linked to this article.
Data availability
Individual-level analysis was conducted using UK Biobank (https://www.ukbiobank.ac.
uk/). Access to the data is available to researchers through application to UK Biobank.
Summary-level analysis was conducted using publicly available data41,42. The summary
data for educational attainment and cognitive ability are available at https://www.
thessgac.org/data, the summary data on smoking behaviour are available through MR
base http://www.mrbase.org/.
Code availability
A copy of the code used in this analysis is avaliable at https://github.com/eleanorsanderson/
EducationSmoking_MR.
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